Researchers and clinicians routinely rely on interference electromyograms (EMGs) to estimate muscle forces and command signals in the neuromuscular system (e.g., amplitude, timing, and frequency content). The amplitude cancellation intrinsic to interference EMG, however, raises important questions about how to optimize these estimates. For example, what should the length of the epoch (time window) be to average an EMG signal to reliably estimate muscle forces and command signals? Shorter epochs are most practical, and significant reductions in epoch have been reported with high-pass filtering and whitening. Given that this processing attenuates power at frequencies of interest (< 250 Hz), however, it is unclear how it improves the extraction of physiologically-relevant information. We examined the influence of amplitude cancellation and high-pass filtering on the epoch necessary to accurately estimate the "true" average EMG amplitude calculated from a 28 s EMG trace (EMG ref ) during simulated constant isometric conditions. Monte Carlo iterations of a motor-unit model simulating 28 s of surface EMG produced 245 simulations under 2 conditions: with and without amplitude cancellation. For each simulation, we calculated the epoch necessary to generate average full-wave rectified EMG amplitudes that settled within 5% of EMG ref. For the no-cancellation EMG, the necessary epochs were short (e.g., < 100 ms). For the more realistic interference EMG (i.e., cancellation condition), epochs shortened dramatically after using high-pass filter cutoffs above 250 Hz, producing epochs short enough to be practical (i.e., < 500 ms). We conclude that the need to use long epochs to accurately estimate EMG amplitude is likely the result of unavoidable amplitude cancellation, which helps to clarify why high-pass filtering (> 250 Hz) improves EMG estimates.
triggered averages (Botteron and Cheney, 1989; Fortier, 1994; Keenan et al., 2006b) , and motor unit decomposition (Gazzoni et al., 2004) .
Developing methods to improve information extraction from the interference EMG are critical and urgent because, in the absence of other means, measures derived from the EMG are critical to improve our understanding of neuromuscular function. For example, the length of the epoch (time window) over which to average an EMG signal to reliably estimate muscle force and command signals is a key question in EMG analysis, especially during maximal voluntary contractions (MVC) . A standard procedure is to first identify the peak force magnitude over several repetitions of a task (Gandevia, 2001) , and then average EMG over an epoch centered on that peak to estimate the maximal EMG amplitude. Epochs commonly used include: > 1 s (Fuglevand et al., 1993b) , 1 s (Hakkinen and Komi, 1983; Farina et al., 2002b) , 750 ms (ValeroCuevas et al., 1998) , 500 ms (Rudroff et al., 2007) , and < 500 ms (Cannon and Cafarelli, 1987; Laidlaw et al., 2002; Kuo et al., 2006) . Although shorter epochs are most practical, random fluctuations in EMG amplitude estimates are diminished with longer epochs (Farina and Merletti, 2000; Clancy et al., 2002) . This tradeoff between selecting a long duration epoch to reduce amplitude variance error versus selecting a short duration epoch to reduce amplitude bias error is critical during MVCs as peak forces can only be maintained for a very brief time.
Although significant reductions in epoch have been reported with high-pass filtering and whitening the interference EMG (Clancy et al., 2002; Potvin and Brown, 2004; Staudenmann et al., 2007) , this processing attenuates power at frequencies generally considered of greatest interest (< 250 Hz). Thus, it is unclear whether and how these processing methods improve the extraction of physiologically-relevant information. Signal whitening reduces the variance of amplitude estimates by removing the temporal correlation present among neighboring EMG samples, with this structure arising from the limited signal bandwidth in the EMG produced by the recording electrodes, volume conductor, and generation of action potentials (Clancy and Hogan, 1994; Clancy et al., 2001 ). In addition, it has been suggested that a high-pass filter (> 250 Hz) may improve EMG amplitude estimation by increasing the pick-up area of the recording electrodes (Staudenmann et al., 2007) , and provides a better balance between deep and superficial motor unit contributions to the EMG signal. We investigated another possibility, that amplitude cancellation dominates at frequencies < 250 Hz, and that high-pass filtering and whitening improve EMG amplitude estimates by attenuating the influence of amplitude cancellation.
We used a motor-unit model of surface EMG to examine the influence of amplitude cancellation and high-pass filtering on the necessary epoch to accurately estimate the average EMG amplitude. Structure-based EMG models (reviewed in Stegeman et al., 2000; McGill, 2004) , in contrast to phenomenological models (Clancy and Hogan, 1994; Farina and Merletti, 2000) , simulate the interference EMG as the sum of the constituent motor unit potentials. One advantage of structure-based EMG models is that it is possible to generate two different signals for each set of parameter values and excitation level to compare the influence of amplitude cancellation on EMG processing (Keenan et al., 2005) . The first signal, the interference EMG, is the sum of the positive and negative phases of motor unit potentials, as occurs naturally. The second signal, the no-cancellation EMG, is identical to the interference EMG except that each motor unit potential is first rectified before being summed, which is an idealized signal where cancellation is prevented. This no-cancellation EMG is not seen experimentally because it would require the identification and rectification of each potential contributed to the EMG. Many previous studies have used comparisons between the physiologic "cancellation EMG" and the no-cancellation EMG as the only method to improve our understanding of this important feature of EMG (Moore, 1967; Person and Libkind, 1970; Day and Hulliger, 2001; Keenan et al., 2005) . We now extend this approach to examine the influence of amplitude cancellation on the epoch necessary to accurately estimate EMG amplitude. Because model predictions are sensitive to the parameter values (Keenan and Valero-Cuevas, 2007) , we used a Monte Carlo approach to improve the experimental validity of the EMG simulations and establish the sensitivity of our results to motor unit parameter variability and uncertainty.
METHODS
To quantify the influence of amplitude cancellation and high-pass filtering on the epoch to estimate EMG amplitude, we nested a motor unit model of EMG and force (Keenan et al., 2005; Keenan et al., 2006b ) inside a Monte Carlo simulation (Valero-Cuevas et al., 2003; Santos and Valero-Cuevas, 2006 ). The computational model is based on a model of recruitment of a population of motor units and muscle force (Fuglevand et al., 1993a) with the addition of an EMG model (Farina and Merletti, 2001 ) to simulate surface EMG with a planar volume conductor with muscle, fat, and skin tissues. The model and all data analyses were implemented in Matlab version 7.0 (The Mathworks, Natick, MA). Motor-unit potentials and the EMG signal are computed at 4096 samples/s and muscle force at 500 samples/s.
One test of the experimental validity of the model is the degree to which its EMG simulations can replicate well-established experimental relations. In a previous study (Keenan and ValeroCuevas, 2007) we used Monte Carlo simulations to test the ability of the most popular motor unit model available (Fuglevand et al., 1993a) to robustly predict the well-established scaling of EMG amplitude and force variability with mean force (Milner-Brown and Stein, 1975; Bigland-Ritchie, 1981; Jones et al., 2002; Enoka et al., 2003) . In that study, we varied the numerical values for 9 motor neuron and muscle parameters within experimentally-identified ranges (Table 1) by randomly sampling from uniform distributions. Although we found that the model was not robust to parameter variability, we identified a parameter set (i.e., numerical values for the 9 motor unit parameters) that best replicated the well-established scaling of EMG amplitude and force variability.
In this study, our Monte Carlo simulations held all motor unit parameters fixed except: i) the distribution of motor unit territories, and ii) interspike intervals. The rationale for only changing these two parameters values is that, first, all models of motor unit populations show that EMG is influenced by the assumed distribution of motor unit territories within the muscle. Published simulations that study this phenomenon have used an arbitrary number (e.g., 20) of random motor unit locations (Farina et al., 2002a; Lowery et al., 2003) , while holding all other parameters fixed (e.g., conduction velocities, number of motor units, and number of fibers for each motor unit). In contrast, in this Monte Carlo study we varied the number of random locations to convergence (see below). Second, prior studies take into consideration the stochastic nature of motor neuron discharge by using a Gaussian probability distribution to simulate interspike intervals for each motor-unit discharge train at each activation level. In contrast, our Monte Carlo simulations investigated how changing interspike intervals influenced epoch to estimate EMG amplitude, while keeping the number of motor units recruited and mean discharge rates for each motor unit unchanged. For each Monte Carlo iteration, the distribution of motor unit territories within the muscle and interspike intervals were selected at random from uniform and Gaussian distributions, respectively. Then, the motor unit potentials and forces were simulated for each motor unit. EMG and muscle force were simulated at each of six excitation levels by summing all trains of motor unit potentials and forces, respectively. Convergence was declared when there was < 2% change in the running mean and coefficient of variation of EMG amplitude and mean force for the last 20+% of the simulations at each excitation level (Valero-Cuevas et al., 2003; Santos and Valero-Cuevas, 2006) .
Only those simulations that met the same two fitness criteria as in our previous study (Keenan and Valero-Cuevas, 2007) were used for subsequent analysis (i.e., approximated a match between simulated and experimental EMG/force and force/force-variability relations). First, force variability is known to scale with mean force (Enoka et al., 1999; Slifkin and Newell, 2000) , and Jones and Wolpert (2002) reported that the mean slope of the log-log regression line between SD and mean force was 1.05. We chose a slope > 0.75 and < 1.25 (Keenan and Valero-Cuevas, 2007) to indicate a log-log linear (slope = 1) scaling consistent with Signal Dependent Noise (Harris and Wolpert, 1998). And second, EMG amplitude is known to scale with force (Inman et al., 1952; Milner-Brown and Stein, 1975; Bigland-Ritchie, 1981) , with the EMG/force relation described as either linear or nonlinear -with EMG increasing less rapidly than force at low-to-moderate contraction levels. We chose a slope in the regression line between EMG and force of < 1.05 (Keenan and Valero-Cuevas, 2007 ) as a liberal estimate of a match with experimental observations so as to not over-constrain the model output a priori.
The flow chart of our simulations and analysis is as follows (Figure 1 ):
1. The distribution of motor unit territories within the muscle and interspike intervals were selected at random from uniform and Gaussian distributions, respectively.
2.
The interference EMG was simulated as the sum of motor unit potentials and all data analysis was performed on the middle 28 s during the 30 s constant level of excitation. Activation of the motor-unit pool is modeled as a ramp-and-hold function, with a 1-s ramp increase in excitation to a constant level for 30 s.
3.
The no-cancellation EMG was simulated as the sum of rectified motor unit potentials.
4.
The interference EMG signal was high-pass filtered with a cutoff that varied from 50-500 Hz using a 1 st order Butterworth filter.
The interference EMG was full-wave rectified.
6. The full-wave rectified EMG signal was low-pass filtered with a cutoff that varied from 1-10 Hz using a 1 st order Butterworth filter.
7.
The filtered and rectified EMG signal was then linearly normalized as a percentage of the maximum EMG amplitude for each filtering step. The maximum EMG amplitude was calculated over 28 s.
8.
Epochs to accurately estimate EMG amplitude were calculated at 6 levels of excitation from the no-cancellation EMG and from the interference EMG after the different processing steps (4-7). A progressively increasing window (in steps of 0.24 ms because the signal was simulated at 4096 samples/s) was used to determine the epoch when EMG amplitude settled within either 1 or 5% of the EMG calculated from the entire 28 s trial, which served as reference (EMG ref ).
Epochs from the interference EMG were calculated for all high-pass (n = 11, step 4) and lowpass cutoff frequencies (n = 11, step 6). From the 121 possible combinations, we identified the epoch from the unfiltered interference EMG signal and also the shortest epoch for all combinations of high-and low-pass filters for each excitation level. Also, to calculate the influence of interference in the EMG, epochs were calculated from the no-cancellation EMG and compared with those from the interference EMG. The no-cancellation EMG signal was not filtered. Note that high-pass filtering was applied to the interference EMG signal (step 4) and low-pass filtering (step 6) was applied after rectifying the interference EMG signal (step 5). 1 st order Butterworth filters (steps 4 and 6) with zero phase shift were used as suggested in previous studies (Potvin and Brown, 2004; Staudenmann et al., 2007) . Also, to compare our results with previous studies, signals that had white noise with identical variance to the interference EMG signals were generated and epochs were determined using the same procedures used on the unfiltered interference EMG.
Because the original equations (Fuglevand et al., 1993a; Farina et al., 2004b ) and our implementation (Keenan et al., 2005; Keenan et al., 2006a, b) of the model have been published, the following section will only review key components of the model.
Motor neuron pool model
The distributions of properties across the motor-unit pool were based on the Size Principle (Henneman, 1957) , and these included innervation number, twitch force, recruitment threshold, motor-unit territory, and conduction velocity of motor-unit potentials. The distribution of recruitment thresholds for the 381 motor neurons (Table 1) is represented as an exponential function with many low-threshold neurons and progressively fewer high-threshold neurons. The range over which recruitment occurs varied up to 79% of maximal excitation (Table 1) , consistent with the wide range found experimentally (Thomas et al., 1986) . Each motor unit began discharging at 8 pulses per second (pps) once excitation exceeded the assigned recruitment threshold for that unit, and discharge rates increase linearly with increases in excitation. The interspike interval for motor unit discharge is modeled as a random process with a Gaussian probability distribution function, with the coefficient of variation (CV = 100 × (SD/mean) %) of the interspike intervals fixed for all motor units at 20%. Peak discharge rates were assigned for the first-and last-recruited motor neuron as 28 and 30 pulses per second (pps), respectively (Table 1) .
Muscle force generation model
Muscle force is modeled as the impulse response of a critically damped, second-order system (Milner-Brown et al., 1973) . A large number of units produce small forces, whereas relatively few units generated large forces. Twitch force is modeled as directly proportional to the number of fibers assigned to each motor neuron (innervation number), and the range in innervation numbers, calculated by dividing the innervation number of the last-recruited motor unit by the first-recruited motor unit, was set at 50x (Table 1) . Innervation numbers increase exponentially from the smallest to the largest motor unit. There is an inverse relation between twitch force and twitch contraction time. The first-and last-recruited units are assigned a twitch contraction time to peak of 90 and 30 ms, respectively. All motor units follow the established sigmoidal relation between motor unit force and motor unit discharge rate (Bigland and Lippold, 1954; Kernell et al., 1983; Fuglevand et al., 1993a) . Total force of the muscle is calculated as the linear summation of all the individual motor unit forces.
Surface EMG simulations
The planar volume conductor consists of an isotropic fat (3-mm thick) and skin layer (1-mm thick), and an anisotropic muscle layer. Each tissue layer is homogeneous and the conductivity properties of each layer are similar to those reported by Farina et al (2004b) . There were 71,487 simulated muscle fibers (Table 1) . Average fiber length was 6 cm (Table 1) , and the center of the innervation zones was located at 50% of the length of the fibers and in the same transverse location within the volume conductor. The end-plate and insertion of each fiber into the tendons varies randomly (uniform distribution) over a range of 5 mm. The electrodes are simulated as circular (4-mm diameter) and arranged in bipolar pairs (10-mm inter-electrode distance) along the direction of the muscle fibers. The electrodes are located halfway between the innervation zone and the distal tendon and are placed directly over the center of the muscle in the radial direction. The simulation of the intracellular action potential is based on the analytical description of Rosenfalk (1969) . Motor units have mean muscle fiber conduction velocities of 3.5 m/s and a spread (SD) of 0.1 m/s (Table 1) , with the smallest motor units assigned the slowest conduction velocities (Andreassen and Arendt-Nielsen, 1987) . The motor unit potential comprises the sum of the action potentials of the muscle fibers belonging to the motor unit and the surface EMG is simulated by summing the trains of motor unit potentials.
The distribution of the motor units within the muscle (Johnson et al., 1973; Milner-Brown and Stein, 1975 ) is determined by randomly selecting the x-y coordinates corresponding to the center of each motor unit territory within the circular cross-section of the muscle. The fibers of a motor unit are randomly scattered in the motor unit territory (Stålberg and Antoni, 1980) with a density of 20 fibers/mm 2 (Armstrong et al., 1988) , and interdigitated with fibers belonging to many other units. The territories of the largest motor units, therefore, are greater than those of the smallest motor units (Bodine et al., 1988) . To restrict the distribution of the fibers of a motor unit (Stålberg and Antoni, 1980; Bodine et al., 1988) , motor unit territories are modeled as circular (Buchthal et al., 1959) . The radius of the motor unit territory is based on the density of 20 fibers/mm 2 and the assigned innervation number of the motor unit. However, when a portion of the motor unit territory is constrained by the muscle boundary, the radius of the territory of the unit is augmented to accommodate the required number of motor unit fibers within the new territory while maintaining fiber density.
RESULTS
The Monte Carlo simulations converged after 500 iterations, with 245 simulations that met our criteria to approximate both experimental relations for EMG/force and force/force-variability. High-and low-pass filtering and removal of interference from the EMG led to reductions in the epoch necessary to estimate EMG ref .
In Figure 4A , representative EMGs are rectified and a 20 ms moving average (bidirectional) was applied (moving average used only for this figure, the influence of moving averages was not addressed in this study). The unfiltered interference EMG (red), filtered (500 Hz high-pass, 1 Hz low-pass) interference EMG (black), nocancellation EMG (blue), and muscle force (green) were simulated at 100% maximal excitation and normalized to the average EMG amplitude calculated over 28 s (between vertical dashed lines). In Figure 4B , the influence of increasing epochs (one sample [0.24 ms] at a time) is shown for the unfiltered and filtered EMG signals, in addition to the no-cancellation EMG. Values in Figure 4B show the epoch necessary for EMG amplitude estimates to decrease within 1% of EMG ref .
Epochs decreased from 14.1 to 4.3 s with filtering, and decreased to 0.1 s when amplitude cancellation was prevented. Note that no additional filtering was applied to the nocancellation EMG to calculate epochs (Figure 1 ).
The reduction in epochs to estimate EMG amplitude by high-and low-pass filtering is shown across all 245 trials (mean ± SE) at 6 excitation levels ( Figure 5 ). Results are shown for both criteria used to analyze epochs -a decrease to within 1% (A and C) or 5% (B and D) of EMG ref .
As there was no systematic effect of excitation level on epoch, we collapsed the data across excitation levels to find that increasing high-pass filter cutoff frequency to 500 Hz, relative to the unfiltered interference EMG, reduced epochs (mean ± SD) from 13.2 ± 5.0 s to 7.8 ± 4.1 s ( Figure 5A , within 1% EMG ref ) and from 1.3 ± 1.0 s to 0.4 ± 0.4 s ( Figure 5B , within 5% EMG ref ). In addition, decreasing low-pass filter cutoff frequency to 1 Hz, while maintaining a 500 Hz high-pass filter cutoff, reduced epochs further to 6.4 ± 4.3 s ( Figure 5C , within 1% EMG ref ) and to 0.1 ± 0.3 s ( Figure 5D , within 5% EMG ref )
. Figure 6 shows the histograms with counts for epochs across all excitation levels for the unfiltered EMG (A and B) and filtered EMG signals (C and D). Numbers in Figure 5 correspond with the case presented by the same numbers in Figure 6 . When the criterion was epochs within 5% of EMG ref (Figure 6B and D) , ~85% of all epochs were shorter than 160 ms after applying a 500 Hz high-pass and 1 Hz low-pass filter.
Epochs were also calculated from the no-cancellation EMG and white noise signals (mean values for each condition in Figure 5 ) and are shown as lines for clarity, although filtering was not applied to either signal. For the criteria within 1% and 5% EMG ref , epochs for the nocancellation EMG (mean ± SD across 6 excitation levels and 245 trials) were 0.64 ± 0.38 s ( Figure 5A and C) and 0.05 ± 0.03 s ( Figure 5B and D) , respectively. Also, epochs for the white noise signal (mean ± SD across 245 trials and 6 levels of variance matching the interference EMG from each trial) were 2.45 ± 1.82 s ( Figure 5A and C) and 0.11 ± 0.09 s ( Figure 5B and  D) , respectively. Thus, epochs were substantially shorter for the no-cancellation EMG and white noise signals, relative to epochs from the interference EMG. Also, epochs derived from the filtered interference EMG approached the length of epochs derived from the no-cancellation EMG and white noise signals with high-pass filter cutoffs > 250 Hz and low-pass filter cutoffs < 2 Hz, specifically when using the 5% EMG ref criterion (Figure 5D ).
DISCUSSION
We used a motor-unit model of surface EMG to evaluate the influence of high-pass filtering and amplitude cancellation on the necessary epoch to accurately estimate average EMG amplitude. Developing methods to improve information extraction from measures commonly derived from the interference EMG (e.g., amplitude, timing, and frequency content) are critical to improve our understanding of neuromuscular function. As an alternative to the common use of phenomenological models to examine the epoch necessary to estimate EMG amplitude, we used a state-of-the-art motor-unit model of EMG, and carefully evaluated whether the EMG signals simulated by that model were experimentally realistic. We used a Monte Carlo approach to certify that our results are robust to the inherent variability in motor unit locations and interspike intervals, and are consistent with the well-established scaling of EMG amplitude and force variability with force magnitude. Thus, running additional simulations will not change our results substantially. Our results find that high-pass filtering (> 250 Hz) the interference EMG signal results in substantially shorter epochs necessary to reliably and accurately estimate EMG amplitudes. Moreover, after carefully evaluating alternative explanations, we conclude that that the need to use long epochs to accurately estimate EMG amplitude is likely the result of unavoidable amplitude cancellation. These results continue to clarify why high-pass filtering (> 250 Hz) improves EMG estimates and the extraction of physiologically relevant information. We begin by discussing limitations and finish by indicating how our results suggest strategies to improve information extraction from EMG.
The results of the current study should be interpreted with respect to the limitations of the modeling approach, which we do not believe affect the validity of our conclusions. Due to previously identified limitations in the current model structure, we fixed most parameters to generate experimentally realistic data (Figures 2 and 3 ). This approach does not address all the sources of variability in estimates of EMG amplitude. However, even when fixing most parameters in the model, a large degree of variability is still introduced in our output measures (Figure 2 and 6 ), solely by varying interspike intervals and random motor unit locations in the muscle. Also, we did not directly address the influence of whitening the interference EMG because high-pass filtering with a low-order filter has been reported to approximate whitening with equal power at all frequencies in the filtered EMG signal (Potvin and Brown, 2004; Staudenmann et al., 2007) . Although we did not directly assess the ability of these processing methods to remove the correlation structure present in the EMG (Clancy et al., 2002) , or to improve the pick-up area of the recording electrodes (Staudenmann et al., 2007) , the predominant determinate of the epoch to accurately estimate EMG amplitude was amplitude cancellation. Also, the 1% and 5% settling time metric in this study was used to provide two examples of the advantage of high-pass filtering, not to replace more common standard error metrics (Farina and Merletti, 2000; Clancy et al., 2002) . Lastly, we did not simulate the influence of all the different sources of noise in the EMG, or techniques to attenuate the influence of this noise (reviewed in Clancy et al., 2002) , which may pose additional limitations on any techniques to extract information from the EMG.
High-pass filtering with cutoff frequencies > 250 Hz results in substantial decreases in epochs to reliably and accurately estimate EMG amplitude. This result is consistent with a growing number of reports that suggest that attenuating power in the interference EMG at lowfrequencies improves estimates of EMG amplitude (Clancy and Hogan, 1994; Farina and Merletti, 2000; Clancy et al., 2002; Potvin and Brown, 2004; Staudenmann et al., 2007) . However, using high-pass filters > 250 Hz is in direct contrast to the high-pass filter cutoffs (< 30 Hz) commonly used (Fuglevand et al., 1993b; Valero-Cuevas et al., 1998; Thoroughman and Shadmehr, 1999; Kilner et al., 2000; Laidlaw et al., 2002) . Nevertheless, Figure 6B and D show a clear example of the benefit of high-pass filtering at frequencies > 250 Hz: for a same level of accuracy in estimating EMG amplitude (i.e. within 5% of EMG ref ), epoch declined more than 10x when applying a 500 Hz high-pass and 1 Hz low-pass filter. Thus, appropriate combinations of high-and low-pass filter settings can lead to significant reductions in the epoch necessary to estimate EMG amplitude. This result is likely of greatest importance when the epoch over which to average the EMG is limited (e.g., during brief MVCs or following changes in EMG amplitude during time-varying contractions).
We find that the necessity to use long epochs to accurately estimate EMG amplitude is likely the result of unavoidable amplitude cancellation, which further clarifies why high-pass filtering (> 250 Hz) improves EMG amplitude estimates and the extraction of physiologically relevant information. Amplitude cancellation dominates measures of epoch length, as is evident by comparing epochs derived from the interference EMG with those from the no-cancellation EMG ( Figure 5) . The mechanisms by which amplitude cancellation influences epoch length to estimate EMG amplitude are not fully known. Certainly, high-pass filtering performs like signal whitening (Potvin & Brown 2004) to reduce the variance of amplitude estimates by removing the temporal correlation present among neighboring EMG samples (Clancy and Hogan, 1994; Clancy et al., 2001) . We propose two additional advantages of high-pass filtering. First, it is possible that high-pass filtering of the signal preferentially magnifies the contribution of the high-frequency, monophasic end-fiber effects (Dimitrova et al., 2002) in the EMG and leads to a more faithful representation and a better balance between deep and superficial motor unit contributions to the EMG signal, as previously suggested by Staudenmann et al. (2007) . However, this is an unlikely contributor to the current results as bipolar electrodes were simulated and they were not positioned at the ends of the muscle, where the influence of endfiber effects is greatest (Dimitrova et al., 2002) . We believe it is more likely that a phenomenon like beating observed in superimposed waves (defined as the interference between two waves at different frequencies) may artificially introduce low-frequency oscillations, and therefore artifactually increase power at those frequencies (Halliday et al., 2003) . Uncovering the underlying mechanisms of amplitude cancellation, and their influence on epoch to estimate EMG amplitude, requires further investigation. Flow chart of EMG simulation and data analysis steps. The motor unit model replicated well-established experimental EMG/force and force/forcevariability relations for 245 of 500 Monte Carlo iterations. 2 criteria (dashed lines) were used to compare the model results with experimental findings: a near linear increase in force variability with mean force (regression line slope > 0.75), and a near linear or less than linear EMG/force relation (regression line slope < 1.05). Of 500 Monte Carlo iterations, 245 satisfied both criteria (quadrant IV, black). The best parameter set (i.e., that most closely approximated the linear scaling of EMG and force variability with force from our previous study) is shown with a black asterisk and parameter values are reported in Table 1 . Representative data showing the influence of amplitude cancellation and high-pass filtering on EMG amplitude estimates. Top) Representative EMGs were simulated at 100% maximal excitation and normalized to the average EMG calculated between the vertical dashed lines (28 s). EMGs were rectified and a 20 ms moving average (bidirectional) was applied. The unfiltered interference EMG (red), filtered interference EMG (black), no-cancellation EMG (blue), and muscle force (green) are all shown for the same Monte Carlo iteration. Bottom) Relative to the unfiltered interference EMG, the epoch to estimate EMG amplitude declined from 14.1 to 4.3 s after applying a 500 Hz high-pass filter to the interference EMG and 1 Hz low-pass filter to the rectified EMG. Epochs were substantially shorter when amplitude cancellation was prevented (in blue). Combinations of high-and low-pass filtering decrease epochs to estimate EMG amplitude, and approach those from the no-cancellation EMG. Results are shown across all 245 Monte Carlo iterations (mean ± SE) at 6 excitation levels for both criteria used to analyze epochs -a decrease to within 1% (A and C) or 5% (B and D) of EMG amplitude calculated over 28 s, which we used as reference (EMG ref. ). High-pass filtering with cutoffs > 250 Hz resulted in substantial decreases in epoch lengths (A and B), with low pass filters (C and D) contributing to a lesser extent. Numbers and associated ovals in Figure 5 correspond with the case presented by the same numbers as histograms in Figure 6 . Performance of the no-cancellation and white noise signals are shown by lines (means across conditions) for clarity, although filtering was not applied to either signal. Histograms show the influence of high-and low-pass filtering on epochs to estimate EMG amplitude. Each histogram is generated for the conditions identified in Figure 5 by numbers (1-4) and associated ovals. Counts are shown for epochs derived from the unfiltered EMG (A and B) and filtered EMG (C and D). ~85% of all epochs (within 5% of EMG ref , B and D) were shorter than 160 ms after applying a 500 Hz high-pass and 1 Hz low-pass filter. Table 1 Model parameters, previous ranges over which parameters varied, and the parameter set used in the current study that best reproduced the experimentallyreported scaling of EMG and force variability with mean force level. 
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